Invasive marine non-indigenous species are a major threat to marine biodiversity and marine related industries. Recreational vessels are recognised as an im-3 portant vector of non-indigenous species translocation, particularly the secondary translocation of species domestically. This paper reports on a novel application of multilevel modelling and multi-6 ple imputation to biomass samples gathered from the hull and other external surfaces of recreational yachts and fishing vessels in order to quantify the relationship between the wet biomass of biofouling and vessel-level characteristics. Unsur-9 prisingly, we find that the number of days since the vessel was last cleaned was strongly related to the wet weight of biomass. The number of days since the vessel was last used was also related to the wet weight of biomass, yet differed depend-12 ing on the vessel type. Similarly, the median number of trips undertaken by the vessel was related to the wet weight of biomass, and varied according to the type of antifouling paint used by the vessel. The relationship between vessel size, as 15 measured by hull surface area, and wet weight biomass per sample unit area was not significant.
1 schedule in accordance with the paint manufacturer's specifications.
Introduction
Invasive marine non-indigenous species are a major threat to marine biodiversity leading to dramatic shifts in population, community and ecosystem dynamics, and many 24 have serious environmental and economic implications (Carlton and Geller, 1993; Ruiz et al., 1997; Vitousek et al., 1996) . Vessel biofouling is a significant pathway for the introduction and spread of marine non-indigenous species globally (Molnar et al., 2008;  striped mussel (Mytilopsis sallei) into a recreational marina in Darwin, Australia in 1999. Strong evidence suggests it was introduced by hull fouling on an international yacht, 57 and detections of the mussel outside of the marina were traced to movement of smaller vessels. M. sallei has similar ecological and morphological characteristics to the freshwater zebra mussel (Dreissena polymorpha) and, at the time of discovery, densities were 60 as high as 24,000 per square metre (Thresher, 1999) . The Darwin incursion was successfully eradicated due to the fact that the mussel was contained within marinas with lock gates due to the 8 metres tidal fall (Willan et al., 2000) . This situation is unlike 63 the majority of eradication attempts of other marine non-indigenous species that have ultimately failed often despite concerted efforts. The inherent difficulties of marine invasion control has led to a focus on reducing the human-mediated spread of non-66 indigenous species from major ports via high risk transport vectors (Drake and Lodge, 2004; Floerl et al., 2005; Forrest and Hopkins, 2013; Georgiades and Kluza, 2017) . Recreational craft may constitute a significant portion of these vectors (Inglis et al., 2012) . 69 Biofouling is a significant pathway for introduction of marine non-indigenous species for both commercial and recreational vessels (Acosta et al., 2010; Hewitt et al., 2004; Inglis et al., 2012; Minchin et al., 2006; Thresher, 1999) . Studies of international and domestic recreational vessels have demonstrated a range of fouling rates, with most surveys showing that over 50% of vessels, and sometimes as high as 80%, having some level of fouling Floerl et al., 2005; Lacoursière-Roussel et al., 2012b;  75 Minchin et al., 2006; Zabin et al., 2014) . The extent of fouling on any individual vessel, however, is often highly variable, irrespective of sample sizes and methodology Brine et al., 2013; Clarke Murray et al., 2011; Floerl et al., 2005) . Some 78 areas on a vessel are inherently more susceptible to fouling due to different hydrodynamic forces, susceptibility to coating system wear or damage, or being inadequately (or not) painted (International Maritime Organization, 2011). These "niche" areas con-81 tribute to fouling variability as they can have considerably higher levels of fouling than the hull (Lacoursière-Roussel et al., 2012b) and include internal water systems and intake pipes, rudder, propeller, and anchors/chain cabinets (Acosta et al., 2010; Burgin 84 and Hardiman, 2011; Hewitt et al., 2007; Minchin et al., 2006) .
Characteristics of recreational vessels that increase both the rate and extent of fouling are substantially different to those of commercial vessels (Lacoursière-Roussel et al., 87 2012b). Small vessels can have irregular maintenance and cleaning schedules, may spend significant amounts of time in port where opportunities for colonisation are high, travel at low speeds, and have varied presence and abundance of niche areas 90 (Brine et al., 2013; Clarke Murray et al., 2011; Floerl et al., 2005; Minchin et al., 2006) . Considerable variation in vessel usage and maintenance means there is equally likely to be variation in transport frequency and likelihood of non-indigenous species spread of days since the vessel was last used, median number of trips per year); the number of days since the vessel was last cleaned or antifouled; the surface area of the hull (m 2 ); and the type of vessel (yacht, fishing, motor cruiser and others). Table 1 shows 156 1 One vessel was removed from analysis due to its abnormally high biomass measurements. 2 Fore, midships and aft were all sampled, both port and starboard. 5 summary statistics for these observed characteristics.
For more details on the data collected during the survey, see Australian Government Natural Heritage Trust Project 46630 (Hayes et al., 2007) . Figure 1 shows histograms of the observed wet weight of biomass from the samples. Samples that were below the limit of detection (1.5 g, of which there were 101) are not 162 shown in this figure. The left column shows the measured wet weight, whilst the right column shows the log-transformed wet weight; the rows correspond to the sampled locations on each vessel (hull, keel and rudder). Figure 1 : Measured wet weight of sampled biomass from the 53 vessels. The left column shows the measured wet weight, whilst the right column shows the log-transformed wet weight. Samples that measured less than the limit of detection (1.5 g) have been removed. Figure 1 suggests that the log-transform of the wet weight of biomass has an approximately Normal distribution, and that there is likely to be a location effect (most notably between Hull versus Keel and Rudder). We thus focus on a log-transform of the wet 168 weight of biomass for the remainder of the analysis. Further, there appears to be the possibility of outliers, especially within the hull and rudder samples. Hence we will also consider a Student-t distribution for modelling.
Statistical Analysis
It could be tempting to analyse the total (or average) wet weight biomass per vessel, as this would simplify the modelling procedure. However, as noted above, Figure 1 suggests that the wet weight of biomass varies with the location from which a sample was taken; hence averaging will mask this variation. Further, the variable number of samples taken per vessel (Section 2.1) means that the total biomass may be dependent upon the number of samples taken. For these reasons, we chose to use a multilevel regression model, in which a modelled intercept allows for the repeated measurements within vessels, whilst also allowing investigation of vessel-level relationships.
To allow for the possible effects of outliers we examined the effect of changing the outcome (or observation) model from Normal to Student-t. Let Y i be the log wet weight of biomass for the i th observation, i = 1, . . . , 420. Then:
are two alternative models for the outcomes, where O1 is the model assuming a Nor-180 mal distribution for log weight biomass, and O2 is the model assuming a t distribution with ν degrees of freedom. The hyperparameters for the degrees of freedom were chosen to be weakly informative, favouring a robust t model with lower degrees of 183 freedom; indeed, the mode of the prior distribution for the degrees of freedom is 10.
We initially inferred the latent process -that is, the process that determines the log wet weight of fouling biomass on each vessel -as a linear function of the location of the measurement location allowing for a vessel-level intercept:
where µ i is the expected log wet weight in grams; µ is the intercept for the model; β l are coefficients that measure the effect of location on the log wet weight of fouling biomass:
1, . . . , 53, which is modelled as a t distribution with 3 degrees of freedom, and scale σ l . The intercept is given a weakly informative N (0, 5) prior. Similarly the regression coefficients are given weakly informative t 3 (0, 1) priors; as are the observation model 192 and latent process scale parameters using half-Cauchy(0, 2.5) priors.
We subsequently investigated two alternative specifications for the vessel-level intercept by including various vessel-level characteristics and interaction terms:
M1 includes all vessel-level characteristics, where days1 j is the number of days since vessel j was last used; days2 j is the number of days since the vessel was last cleaned;
195 midTrips j is the median number of trips undertaken by the vessel per year; and hullSA j is the hull surface area. β p[j] is the effect of paint type p on vessel j, p = 1 denotes ablative paint, p = 2 denotes hard paint, and p = 3 denotes self-polishing antifouling paint.
is an effect for vessel type; t = 1 denotes motor cruiser/other, t = 2 denotes fishing vessels, and t = 3 denotes yachts. M2 adds interaction terms to M1 between: the number of days since the vessel was last used and the vessel type (β dt[j] ); the median 201 number of trips and the vessel type (β mt[j] ); and the median number of trips and the paint type (β mp [j] ).
The choice of these regression models was guided by both subject matter/process con-204 siderations and graphical exploration of the posterior distribution of the random-effect terms in the latent process models. For more details on the graphical exploration, see Section 3. 207
Missing Data
There is missing data at the vessel level; Table 2 displays the observed data pattern, shown as (Days since last used, Paint type, Days since last trip), where a 1 denotes 210 the variable is observed, and a 0 denotes the variable is missing. For example, Table 2 shows there are 41 observations with complete vessel-level data, and 1 observation that is missing all measurements of days since last used, paint type, and days since last 213 trip.
is similarly referenced.
9
A complete-case data analysis would only utilise 77.4% of the vessel-level data, and subsequently, this would result in 324 (77.1%) measurements of wet weight biomass 216 being available for the complete-case analysis at the measurement (first) level.
Because of the amount of missing data, we used multiple imputation to impute the missing vessel-level data. Specifically, we used iterative conditional imputation, with 219 all vessel-level variables used in the imputation specification; to account for any nonlinearities, random forest imputation was used.
As all missing data was at the vessel-level, we used the median wet weight of biomass 222 as a predictor in the imputation models (Gelman and Hill, 2007) . To account for the censoring in the wet weight of biomass (observations below the 1.5 g limit of detection), we replaced the censored data by a random draw from a Uniform(0, 1.5) distribution. 225 We justify this procedure in the following way: i) some level of variability is required as we don't know the true value of the censored observations; ii) Figure 1 shows that weights below 1.5 g (0.4 on the log-scale) form a very small part of the range of ob-228 served values. This small variability will have limited impact in the imputation of the missing data due to the fact that we are summarising within-vessel wet weight of biomass measurements by the median for input into the imputation models.
231
To perform inference, we follow the advice of Zhou and Reiter (2010) and mix the draws from the posterior distributions from the analysis of each completed dataset 4 . Zhou and Reiter (2010) recommend a large number of imputations be used; we gener-234 ated 50 imputed datasets. For each dataset, 2000 samples were drawn from the posterior after a burn-in of 2000. Convergence was monitored by inspecting the mixed chains across the 50 multiple imputations, and by assessing the Gelman-Rubin statistic 237 (Gelman and Rubin, 1992) . Observed data pattern Count
(1, 1, 1) 41 (0, 1, 1) 1 (1, 1, 0) 5 (1, 0, 1) 4 (0, 1, 0) 1 (0, 0, 0) 1 4 The alternative would be to combine posterior estimates of summary parameters using Rubin's rules (Rubin, 1996) , which necessarily gives point estimates as opposed to full posterior distributions.
All analyses were performed using R version 3.4.0 (R Core Team, 2017); the multilevel models were fit using the RStan interface to Stan (Stan Development Team, 240 2016), and multiple imputation was performed using the R package mice (Buuren and Groothuis-Oudshoorn, 2011) . R code and data to reproduce the analysis may be found at https://github.com/SteveLane/blistering-barnacles. 243 3 Results
Multiple Imputation
Visual comparison between the observed and imputed data suggests that the impu-246 tation procedure has satisfactorily converged, i.e. there was no large discrepancies between the imputed data and the observed. The comparison between observed and imputed data is presented in the Supplemental Material. 
Outcome Model
The t-distribution observation model (O2) outperformed the Normal distribution observation model (O1). The difference in the leave-one-out information criterion (LOOIC, 252 analogous to AIC, see Vehtari et al., 2016) was 47 (standard error 13) in favour of the t-distribution observation model (O2).
Posterior predictive checks likewise confirmed the superiority of the t-distribution ob-255 servation model. Graphical checks were made using the proportion of posterior predictions that lie below the limit of detection; the median posterior predictions and the interquartile range (IQR) of the posterior predictions. The graphical checks and LOOIC 258 comparisons can be found in full in the Supplemental Material. Figure 2 displays the posterior median and 80% credible intervals of the regression coefficients in the vessel-level intercept models (for each of the four ordinal predictors -the number of days since the vessel was last used; the number of days since the 264 vessel was last cleaned; the median number of trips undertaken by the vessel; and the vessel's hull surface area). Figure 2a shows the coefficients coloured by vessel type, whilst Figure 2b shows the coefficients coloured by antifouling paint type. Each panel also shows the posterior (median) estimate of the expected log wet weight from model M1, and is based on a randomly selected imputed dataset for display purposes.
Regression Results

Exploration of Candidate Interaction Terms 261
Figures 2a and 2b are suggestive of interactions between the number of days since the 270 vessel was last used and the vessel type, the median number of trips undertaken by the vessel and the vessel type, and the median number of trips taken by the vessel and the antifouling paint type. We form this opinion by visual comparison of the scatter-273 plots. For example, the pattern in Figure 2a suggests that the effect of days since the vessel was last used is negative for fishing vessels and positive for yachts and motor cruiser/other vessels. Similarly, the effect of the median number of trips undertaken 276 by the vessel appears to be positive for fishing vessels, and negative for yachts and motor cruiser/other vessels.
Final Model Form
279 Figure 3 displays the median and 80% intervals of the estimated vessel-level intercepts, with respect to the two ordinal predictors used in interaction terms in (M2): the number of days since the vessel was last used and the median number of trips (per year) 282 undertaken by the vessel. Figure 3a shows the vessel-level intercepts coloured by vessel type and Figure 3b shows the vessel-level intercepts coloured by antifouling paint type. Shown in each panel are the estimated (median) regression lines from M2. efficients for each of the models considered. As can be seen in Figure 4 , the effect of the number of days since the vessel was last cleaned (β d2 ) is clearly larger than 0; the other predictors do not appear to have such a strong effect. Whilst the effect of these 294 predictors is not estimated precisely, the direction and size of the coefficients is similar between models, and as such we choose Model (M2) as the final model form in order to estimate the interactions. Table 3 compares the models by their leave-one-out information criterion (LOOIC, analogous to AIC, see Vehtari et al., 2016) . M2 is the best performing model based on LOOIC, but the variability is sufficiently large that all models are closely performing. The difference in LOOIC between M0 and M2 (3.5) is almost one and a half times the standard error of the difference. 
Predictive Model Comparison
Discussion
Several previous studies and vessel profiling by regulatory authorities have proposed vessel characteristics that should be indicative of biofouling translocation risks, in-306 cluding voyage time, time in the water, time since application of antifouling paint, frequency of vessel use and stationary period (Ashton et al., 2006; Hewitt et al., 2011;  Ministry for Primary Industries, New Zealand, 2016; California State Lands Commis-309 sion, 2017; Department of Fisheries, Western Australia, n.d.).
Some analyses, however, have either failed to find a strong relationship between vessel characteristics and fouling extent or abundance, or provided contradictory evidence. Other studies however, suggest that time since the antifouling paint was applied to the vessel is a consistently reliable predictor of biofouling (Ashton et al., 2006 ; Floerl water, stationary periods, and voyage types are relevant factors (Ashton et al., 2006; Lacoursière-Roussel et al., 2012b) . Lacoursière-Roussel et al., 2012b also suggest that vessel type does play a role because powerboats and catamarans, for example, have a greater risk of fouling due to their higher number of niche areas.
The results presented here demonstrate relationships that are largely consistent with 327 prior expectations about important risk factors; that is, the amount of hull fouling biomass is related to the time since a vessel was last cleaned and last used, how frequently a vessel is used and the type of antifouling paint applied. Consider for exam-330 ple a yacht that hasn't been cleaned in 249 days. The model predicts that for such a vessel, there is a 74% probability that delaying cleaning by six months would result in an increase of wet weight biomass within a 0.5m 2 area on the hull of the vessel. This 333 result is in agreement with recommendations of continual maintenance by the Australian and New Zealand Antifouling and In-water Cleaning Guidelines (Department of Agriculture, Canberra, 2015; Georgiades et al., 2018) .
336
The size of the vessel, measured by the hull surface area, was found to have a small negative relationship if used to predict biofouling levels; however, the uncertainty in this estimate was relatively large. Given the same frequency of use, the modelling suggests that different types of vessels have different effects on biofouling levels. For example, assume that vessels have the same duration since last being cleaned, and the same duration since last being used; the model predicts that there is an 72% predicted 342 probability that a yacht will have a larger wet weight biomass within a 0.5m 2 area than the motor cruiser/other vessel; compared to a fishing vessel, this probability is 75%.
A weak varying effect of the median number of trips taken by the vessel per year and 345 paint type was found in the model. The limited number of data points at the vessel level (53) hampered the precision of estimating these effects, but the direction of effects conforms with prior expectations, namely that: both ablative and self-polishing paints 348 are reliant on the vessel being used in order to be effective, whilst hard paints are less so (Georgiades et al., 2018) .
There is also evidence that the location of the sample is an important predictor for 351 the wet weight of biomass. Figure 4 shows a consistent result that the wet weight of biomass when sampled along the hull (β L 1 ), is no different to samples made from the rudder (β L 3 ). Measurements made on samples from the keel however, are gener-354 ally smaller than those made along either the hull or on the rudder; in fact, there is a 69% predicted probability of this being the case. This is not a characteristic of vessels, and thus cannot be used for management purposes; the location of the measurement does however need to be considered in any future work, and in particular may restrict vessel-level summaries of wet weight of biomass being analysed (for example, total wet weight of biomass).
Fouling cover on vessels can be up to ten times higher in niche areas than on hulls (Clarke Murray et al., 2011) , and these areas represent important settlement locations of non-indigenous species (Lacoursière-Roussel et al., 2012b; Zabin et al., 2014) . Floerl This study is not without its limitations. We found that the (log-transformed) wet 366 weight of biomass found on small vessels was best described by a t-distribution. Posterior predictive checks showed that the analysis regression models generated data consistent with the observed data for the interquartile range, but less so for the median 369 and proportion of observations below the limit of detection. A possible approach to allow for the larger number of censored observations than expected would be to fit a mixture model. It is not directly clear how this would work however, when vessels 372 may contain some samples measured below and some above the limit of detection. Further, given the limited data available, it was considered that an attempt to fit such a mixture model was unfeasible.
375
The small number of vessels sampled also limits the precision at which we can estimate the effect of vessel-level characteristics, and in particular, any interactions between them. We demonstrated a number of possible interaction effects, yet the error in those 378 estimates was found to be relatively large. The nature of these varying effects however, did conform to prior expectations of the direction of the effect; it is the size of such effects that is not known with a high degree of certainty.
381
Sample size reservations notwithstanding, we have confirmed that vessel-level characteristics can be used to predict the amount of wet weight of fouling biomass that may be present on small vessels in Australia. The development of such predictive tools 384 could aid authorities in assessing the risk posed by individual vessels and classifying those that are a risk of having high levels of fouling will potentially reduce the introduction and spread of invasive species (Minchin et al., 2006; Clarke et al., 2017) .
387
The results suggest that in particular, owners of small vessels should be encouraged to apply an antifouling paint that is appropriate to their vessel operational profile and to maintain a regular cleaning and maintenance schedule in accordance with the man- ing degrees based on increasing levels of risk, but also with a prohibitive increase in resources, cost and time (Campbell and Hewitt, 2011) . Therefore strategies and incentives could be investigated to encourage vessel owners to improve their cleaning and maintenance, as well as education and outreach programs for vessel owners to increase awareness of invasive species and their impacts (Brine et al., 2013; Minchin et al., 2006) .
Authorities could also introduce regulated antifouling paint regimes, e.g. every 12 399 months, regular inspections and providing cleaning facilities for recreational vessel users (Zabin et al., 2014) .
Preventing the introduction of invasive marine species is the key to reducing their 402 spread, requiring stringent implementation of measures to reduce invasions through all vector routes (Bax et al., 2001; Inglis et al., 2013; Sinner et al., 2013) . While interregional movements of vessels are not without risk, minimising species translocations 405 will require a relevant and transparent risk based profilinf and assessment (Campbell and Hewitt, 2011; Clarke et al., 2017) , taking into account the characteristics of transport vectors (Floerl and Inglis, 2005) . Such profiling and assessment would be assisted 408 by promoting ongoing maintenance and consistent "clean before you leave" messaging within a broader domestic pathway management approach. Thresher, Ronald E (1999). "Diversity, impacts and options for managing invasive marine species in Australian waters". In: Australian Journal of Environmental Management
